Abstract: This case study was conducted to quantify the effects of urban greenspace patterns on particle matter (PM) concentration in Zhengzhou, China by using redundancy and variation partitioning analysis. Nine air-quality monitoring stations (AQMS) were selected as the central points. Six distances of 1 km, 2 km, 3 km, 4 km, 5 km, and 6 km were selected as the side lengths of the squares with each AQMS serving as the central point, respectively. We found:
Introduction
During the last 30 years, air pollution in China has become a major environmental issue, especially particulate matter (PM) pollution [1] due to rapid urbanization and dramatic growth in energy consumption [2] . Particulate matter refers to a solid and liquid mixture consisting of organic and inorganic substances in air [3] . PM can be classified into several different types according to its origin, The population density is the second highest in China. China lies mainly in the north-temperate zone, characterized by a mild climate and distinctive seasons, the nation can be sectored from south to north into equatorial, tropical, subtropical, warm-temperate, temperate, and cold-temperate zones according to temperature. Zhengzhou lies in the north warm-temperate zone, characterized by a warm climate and four distinctive seasons, with a dry spring (March-May), and a hot and rainy summer (June-September). The annual average temperature is 14-14.3 • C while the average annual precipitation is 640.9 mm. The total sunshine is 2400 h.
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Data

PM2.5/10 Measurements
There are nine air-quality monitoring stations (AQMS) in Zhengzhou ( Figure 1 ). These AQMS are located on rooftops. The building heights range from 3 to 15 m. The AQMS are located in similar areas with relatively few changes in land use. The sources of PM of the nine AQMS included dust particles from soil and roads, vehicle exhaust emission, fossil fuel combustion, and biomass burning. The AQMS are in Yanchang (YC) (34°45′0′′ N, 113°40′48′′ E) and Heyida (HYD) (34°45′0′′ N, 113°38′24′′ E) located in the business district, Zhengfangji (ZFJ) (34°46′12′′ N, 113°38′24′′ E) and Shijiancezhan (SJC) (34°45′0′′ N, 113° 35′ 59.9994′′ E) located in the residential area, Yinhangxuexiao (YHXX) (34°47′59.9994′′ N, 113°40′12′′ E), Gongshuigongsi (GSGS) (34°47′59.9994′′ N, 113°33′36′′ E), Jingkaiquguanwei (JKQ) (34°43′11.9994′′ N, 113°43′48′′ E) and Sishiqizhong (SSQ) (34°43′11.9994′′ N, 113°43′38′′ E) located in the cultural and educational area, while that at Ganglishuiku (GLSK) (34°55′ 12′′ N, 113° 36′ 35.9994′′ E) is in the suburban area.
Daily air-quality (PM2.5, PM10) data at nine AQMS from 1 January 2016 to 31 December 2016 were obtained from China National Environmental Monitoring Center (http://www.aqistudy.cn), and weather data were acquired from the Zhengzhou Bureau of Meteorology (http://www.zzqx.gov.cn). Air-quality data during rainy days were removed from the daily air-quality dataset. Based on the modified daily air-quality data, monthly averages were calculated. Twelve months in a year were divided into the four seasons, which are spring (March to May), summer (June to August), autumn 
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PM 2.5/10 Measurements
There are nine air-quality monitoring stations (AQMS) in Zhengzhou ( Figure 1 ). These AQMS are located on rooftops. The building heights range from 3 to 15 m. The AQMS are located in similar areas with relatively few changes in land use. The sources of PM of the nine AQMS included dust particles from soil and roads, vehicle exhaust emission, fossil fuel combustion, and biomass burning. The AQMS are in Yanchang (YC) (34 • Daily air-quality (PM 2.5 , PM 10 ) data at nine AQMS from 1 January 2016 to 31 December 2016 were obtained from China National Environmental Monitoring Center (http://www.aqistudy.cn), and weather data were acquired from the Zhengzhou Bureau of Meteorology (http://www.zzqx.gov.cn). Air-quality data during rainy days were removed from the daily air-quality dataset. Based on the modified daily air-quality data, monthly averages were calculated. Twelve months in a year were divided into the four seasons, which are spring (March to May), summer (June to August), autumn (September to November), and winter (December to February). Average seasonal PM 2.5 and PM 10 concentrations of spring (PM 2.5 SP, PM 10 SP), summer (PM 2.5 SU, PM 10 SU) autumn (PM 2.5 AU, PM 10 AU) and winter (PM 2.5 WI, PM 10 WI) were calculated based on monthly averages, and the seasonal air-quality datasets were employed in the redundancy analysis (RDA).
Greenspace Spatial Patterns
Remote-sensing images of high resolution were used to acquire the spatial patterns of urban greenspace as described in two previously published reports [32, 33] ; three types of greenspace maps with different spatial resolutions (2.44 m, 10 m, and 30 m) were used and were referred to as the Quickbird, SPOT, and TM images, respectively [32] , the composition and configuration of land-cover features were measured by a series of landscape metrics based on a high-resolution land-cover map from aerial imagery [33] . In this study, we used the nine AQMS as the central points to create six square plots per site ranging in scale from 1 km × 1 km to 6 km × 6 km for each monitoring site (Figure 2 ). The smallest scale of our sample plots is 1 km × 1 km since this scale was shown to be highly suitable for the micro-scale research of urban forestry [34, 35] . Quickbird images of the 6 km square buffers of all the monitoring sites were obtained in June 2016; the Quickbird images had one panchromatic band and four multispectral bands, with spatial resolution of 0.6 m and 2.4 m. To take advantage of both high resolutions and multispectral features, the multispectral bands were pan-sharpened using the panchromatic band from nine 6 km × 6 km scale images, with the principal components algorithm. Consequently, multispectral images were obtained with 0.6 m spatial resolution, and then geometric correction was performed with imagery from Google TM as the reference map [32, 36] . The final images were used to map land cover in Zhengzhou, and then greenspace information was extracted from the land-cover data. A patch-based layer of different land cover types in vector format was created using object-based image analysis as used in several similar studies [33, [36] [37] [38] . In this study, land-cover types included: (1) urban greenspace; (2) roads; (3) bodies of water; (4) agricultural land; (5) buildings; and (6) vacant land. The classification accuracies were checked based on 200 randomly selected points using reference data that were visually interpreted from the Google images. The verified classification accuracies were 91.5%.
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Remote-sensing images of high resolution were used to acquire the spatial patterns of urban greenspace as described in two previously published reports [32, 33] ; three types of greenspace maps with different spatial resolutions (2.44 m, 10 m, and 30 m) were used and were referred to as the Quickbird, SPOT, and TM images, respectively [32] , the composition and configuration of land-cover features were measured by a series of landscape metrics based on a high-resolution land-cover map from aerial imagery [33] . In this study, we used the nine AQMS as the central points to create six square plots per site ranging in scale from 1 km × 1 km to 6 km × 6 km for each monitoring site (Figure 2) . The smallest scale of our sample plots is 1 km × 1 km since this scale was shown to be highly suitable for the micro-scale research of urban forestry [34, 35] . Quickbird images of the 6 km square buffers of all the monitoring sites were obtained in June 2016; the Quickbird images had one panchromatic band and four multispectral bands, with spatial resolution of 0.6 m and 2.4 m. To take advantage of both high resolutions and multispectral features, the multispectral bands were pan-sharpened using the panchromatic band from nine 6 km × 6 km scale images, with the principal components algorithm. Consequently, multispectral images were obtained with 0.6 m spatial resolution, and then geometric correction was performed with imagery from Google TM as the reference map [32, 36] . The final images were used to map land cover in Zhengzhou, and then greenspace information was extracted from the land-cover data. A patch-based layer of different land cover types in vector format was created using object-based image analysis as used in several similar studies [33, [36] [37] [38] . In this study, landcover types included: (1) urban greenspace; (2) roads; (3) bodies of water; (4) agricultural land; (5) buildings; and (6) vacant land. The classification accuracies were checked based on 200 randomly selected points using reference data that were visually interpreted from the Google images. The verified classification accuracies were 91.5%. Landscape metrics were widely used to describe greenspace patterns [39] . In this study, six class-level metrics were used to measure spatial patterns of urban greenspace. The spatial patterns (Table 1) included one composition metric and five configuration metrics: Percentage of landscape (PLAND) which quantified the proportional abundance of urban greenspace in multi-scale plots, and five metrics: mean patch size (AREA_MN) which equaled the sum of area across all patches in the greenspace divided by the total number of patches; mean patch shape index (SHAPE_MN) which was a measure of shape complexity; edge density (ED) which was a measure of edge length of greenspace divided by total greenspace area; largest patch index (LPI) which quantifies the percentage of total landscape area comprised by the largest patch, and it is a simple measure of greenspace dominance; and mean Euclidian nearest neighbor distance (ENN_MN) which is perhaps the simplest measure of patch context and has been used extensively to quantify patch isolation. Table 1 . Landscape metrics used in this study.
Categories
Landscape Metrics (Abbreviation) Description Equation (Unit)
Composition
Percentage of landscape (PLAND)
Proportional abundance of green space in the landscape.
The average area of tree canopy patches within an analysis unit.
Mean patch shape index (SHAPE_MN)
The average shape index of tree canopy patches within an analysis unit.
The total perimeter of tree canopy patches per km 2 within an analysis unit.
The proportion of largest tree canopy patch within an analysis unit.
Mean Euclidian nearest neighbor distance (ENN_MN) d = the average distance between any two nearest neighboring urban patches.
ENN_MN = d
(km) a i , area of patch i; max a i , maximum area of patch i; p i , length of edge (or perimeter) of patch i; A, landscape area; n, number of patches.
These metrics have been used in several papers published on the relationship between landscape patterns and ecological processes [32, 34, 40, 41] . These metrics were chosen according to the following principles: (1) theoretically and practically important [33, 38, 42] ; (2) easily calculated and explained; (3) little redundancy [33, 37, 40] , the landscape metrics were obtained from the greenspace maps using the landscape structure analysis program FRAGSTATS for all of the plots [32] .
Data Analysis
Three statistical methods were used in this study. First, we performed one-way analysis of variance (ANOVA) to examine whether there were significant differences among the PM 2.5 and PM 10 concentrations among the four seasons. We compared the PM 2.5 and PM 10 concentrations at the nine monitoring sites using the least significant difference (LSD) test, with significance level at p < 0.05. All values were reported as mean ± standard error (SE). the analyses were conducted using version 22.0 of SPSS software [43] .
Second, we used the redundancy analysis (RDA) to investigate the relationship between the PM 2.5/10 concentration and spatial patterns of the greenspace from scale 1 km × 1 km to scale 6 km × 6 km. RDA is a constrained ordination method that preserves the Euclidean distances among sites in the full dimensional space [44] . RDA has been the method of choice in determining the relationship between plant community and environment [45] [46] [47] [48] . In this study, centralized and standardized transformation was conducted for the PM 2.5 and PM 10 data matrixes to maintain the integrity of PM data. In order to estimate the approximate significance of the relationship between the PM 2.5 and PM 10 data set and the spatial variables, we applied a Monte Carlo test with 1000 random permutations, assuming H0 as a non-linear relationship between the metrics [44] . There were eight datasets in total for the RDA and these included two response variables (PM 2.5 , PM 10 ) datasets, and 6 explanatory variables (spatial pattern metrics from scale 1 km × 1 km to scale 6 km × 6 km) datasets. RDA was performed 12 times; 6 times employing the PM 2.5 seasonal dataset as the response variables and metrics of 6 scales as explanatory variables, and another 6 times employing the PM 10 dataset as the response variables and metrics of 6 scales as explanatory variables. These analyses were performed using the "Vegan Package" [49] in the R statistical language and environment.
Third, variance partitioning based on partial RDA was performed to assess the relative variance in PM 2.5/10 of three groups of explanatory variables: (1) percentage of greenspace; (2) configuration of greenspace; (3) joint effects of composition and configuration metrics. Variance partitioning was performed by using "Spdep package" in R (version 2.4-4) [50] .
Results
Seasonal Differences in Particulate Matter (PM) Pollution
The ANOVA analysis revealed significant differences (p < 0.05) among PM concentrations during four seasons (Figure 3 ). During winter, both PM 2.5 and PM 10 concentrations were highest while both PM 2.5 and PM 10 were lowest in summer. PM 2.5 concentration in autumn was higher than that in spring while PM 10 concentration in autumn was lower than that in spring ( Figure 3) .
Variations in air temperatures, humidity, wind direction and speed, presence and absence of leaves on vegetation, and fossil energy consumption patterns could all be possible reasons for the PM 2.5 and PM 10 concentrations fluctuating significantly during the four seasons. In winter, there is much more fossil energy consumption in northern China for keeping buildings warm, and most plant leaves fall off. These two factors lead to more primary and secondary PM pollutants. In summer, there is the highest vegetation coverage and much less consumption of fossil energy, thus very likely leading to less primary and secondary PM pollutants.
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Redundancy Analysis (RDA)
Based on RDA, the cumulative proportions of total variance of the first two axes (PM2.5) from scale 1 to scale 6 were 0.5918, 0.5526, 0.6266, 0.5514, 0.5756 and 0.5843, respectively, and those of PM10 
Based on RDA, the cumulative proportions of total variance of the first two axes (PM 2.5 ) from scale 1 to scale 6 were 0.5918, 0.5526, 0.6266, 0.5514, 0.5756 and 0.5843, respectively, and those of PM 10 were 0.8004, 0.6345, 0.8165, 0.8862, 0.8418, 0.7506, respectively ( Table 2 ). The proportion explained of variance means how much variance of PM pollution is explained by greenspace patterns at the first two RDA axes, and the cumulative proportion of variance is the sum of the first two RDA axes' proportions of variance. In Table 3 , F-Ratio and p-value were used to test whether the multiscale greenspace patterns affected the PM pollution significantly, and R 2 represented the variance of PM pollution explained by greenspace patterns in RDA model, and the R 2 adj was the adjusted or real value of the explained proportion. R 2 of PM 2.5 from scale 1 to scale 6 were 0.8342, 0.7407, 0.8848, 0.7679, 0.814, 0.8324, respectively, and R 2 of PM 10 from scale 1 km × 1 km to scale 6 km × 6 km were 0.89, 0.7155, 0.8922, 0.95445, 0.91193, 0.8219, respectively ( Table 3 ). The Monte Carlo permutation tests indicated that the landscape metrics of greenspace of scale 3 and scale 4 significantly explained the total variance of PM 2.5 and PM 10 datasets, respectively. (Table 3) . From scale 1 km × 1 km to 6 km × 6 km, the proportion of variance explained by the greenspace pattern (R 2 ) showed a decline-increase-decline-increase trend with PM 2.5 , and a decline-increase-decline trend with PM 10 . Each scale included six metrics: PLAND, LPI, ED, AREA_MN, SHAPE_MN and ENN_MN. With PM 2.5 , PLAND (negative), LPI (positive) and ED (positive) significantly related to the second axis of scale 2 km × 2 km and the first axis of scale 3 km × 3 km; PLAND, LPI and ED and the second axis of scale 3 km × 3 km (Table 4) . With PM 10 , PLAND (negative) and AREA_MN (positive) significantly related to the first axis of scale 1 km × 1 km; ED (positive) significantly related to the first axis of scale 2 km × 2 km; PLAND (positive) and ED (negative) significantly related to the second axis of scale 4 km × 4 km. The values in Table 4 showed the correlation between the greenspace patterns and the first two RDA axes of both PM 2.5 and PM 10 from scale 1 km × 1 km to 6 km × 6 km. Based on the correlation between landscape metrics and RDA axes above, we chose the scales, at which relationships between axis and PM concentration were significant in order to draw Figure 4 . At scale1, PM 10 of the four seasons negatively related to the first axis (Figure 4 ). At scale 2 km × 2 km, PM 2.5 SU had a positive relationship with the second axis, while PM 2.5 SP, PM 2.5 AU and PM 2.5 WI had negative relationships with the second axis; PM 10 in the four seasons negatively related to the first axis (Figure 4) . At scale 3 km × 3 km, PM 2.5 SP, PM 2.5 SU and PM 2.5 WI had negative relationships with the first axis apart from PM 2.5 AU, and PM 2.5 of the whole year had negative relationships with the second axis except summer (Figure 4) . At scale 4 km × 4 km, PM 10 of the four seasons negatively related to the second axis except winter (Figure 4) .
The relationship between greenspace patterns and PM concentrations was extrapolated based on the information in Table 4 and Figure 4 . The PLAND of greenspace had positive relationship with PM 2.5 except summer at scale 2 km × 2 km; PLAND had a positive relationship with part of the variance of PM 2.5 except autumn, and negative relationship with part of the variance of PM 2.5 in four seasons except spring at scale 3 km × 3 km; PLAND was positively related to PM 10 at scale 1 km × 1 km; PLAND was positively related to PM 10 WI and negatively related to PM 10 in other seasons at scale 4 km × 4 km. LPI and ED of greenspace had a positive relationship with PM2.5SU, and a negative relationship with part of the variance of PM2.5 in the other seasons at scale 2 km × 2 km; LPI and ED had a negative relationship with part of the variance of PM2.5 except autumn and a positive relationship with the other part of the variance of PM2.5 except spring scale 3 km × 3 km. ED was negatively related to PM10 at scale 2 km × 2 km; ED was negatively related to part of the variance of PM10, and positively related to the other part of the variance of PM10 except winter at scale 4 km × 4 km. AREA_MN had a negative relationship with PM10 except in winter at scale 1 km × 1 km.
Variation Partitioning Analysis
Among the six scales, the Monte Carlo permutation test at scale 3 km × 3 km was significant (p < 0.05) and had the biggest explained variance to the PM2.5 dataset, and at scale 3 km ×3 km, 22.5% of the PM2.5 matrix is explained by a pure effect of the composition metric, 46.9% by a pure configuration metric, and about 46.1% of the variation remains unexplained. There is no common explained variance between composition and configuration metrics at small scale such as scale 1 km × 1 km, 2 km × 2 km and 3 km × 3 km, while common explained variance between both types of variables show up at large scale such as scale 4 km × 4 km,5 km × 5 km and 6 km × 6 km. Results from the variation partitioning also indicated that the configuration of greenspace played a more important role than that of percent cover of greenspace except scale 1 km × 1 km and 2 km × 2 km ( Figure 5) .
The Monte Carlo permutation test at scale 4 km × 4 km was significant (p < 0.01) and had the biggest explained variance to the PM10 dataset; 5.7% of the PM10 matrix is explained by a pure effect of the composition metric, 54.1% by a pure configuration metric, and 22% by composition and configuration metrics together. About 18.2% of the variation remains unexplained. There is common explained variance between composition and configuration metrics at all scales except scale 1 km × 1 km. As with the PM2.5 data, results from the variation partitioning also indicated that the configuration of greenspace played a more important role than that of percent cover of greenspace except at the scales 1 km × 1 km and 2 km × 2 km ( Figure 5 ). LPI and ED of greenspace had a positive relationship with PM 2.5 SU, and a negative relationship with part of the variance of PM 2.5 in the other seasons at scale 2 km × 2 km; LPI and ED had a negative relationship with part of the variance of PM 2.5 except autumn and a positive relationship with the other part of the variance of PM 2.5 except spring scale 3 km × 3 km. ED was negatively related to PM 10 at scale 2 km × 2 km; ED was negatively related to part of the variance of PM 10 , and positively related to the other part of the variance of PM 10 except winter at scale 4 km × 4 km. AREA_MN had a negative relationship with PM 10 except in winter at scale 1 km × 1 km.
Among the six scales, the Monte Carlo permutation test at scale 3 km × 3 km was significant (p < 0.05) and had the biggest explained variance to the PM 2.5 dataset, and at scale 3 km ×3 km, 22.5% of the PM 2.5 matrix is explained by a pure effect of the composition metric, 46.9% by a pure configuration metric, and about 46.1% of the variation remains unexplained. There is no common explained variance between composition and configuration metrics at small scale such as scale 1 km × 1 km, 2 km × 2 km and 3 km × 3 km, while common explained variance between both types of variables show up at large scale such as scale 4 km × 4 km,5 km × 5 km and 6 km × 6 km. Results from the variation partitioning also indicated that the configuration of greenspace played a more important role than that of percent cover of greenspace except scale 1 km × 1 km and 2 km × 2 km ( Figure 5) .
The Monte Carlo permutation test at scale 4 km × 4 km was significant (p < 0.01) and had the biggest explained variance to the PM 10 dataset; 5.7% of the PM 10 matrix is explained by a pure effect of the composition metric, 54.1% by a pure configuration metric, and 22% by composition and configuration metrics together. About 18.2% of the variation remains unexplained. There is common explained variance between composition and configuration metrics at all scales except scale 1 km × 1 km. As with the PM 2.5 data, results from the variation partitioning also indicated that the configuration of greenspace played a more important role than that of percent cover of greenspace except at the scales 1 km × 1 km and 2 km × 2 km ( Figure 5 ). 
Discussion
Scale-Dependent Effects of Greenspace Pattern on PM Pollution
PM2.5/10 concentrations were significantly different among the four seasons in this study, and this finding was consistent with that in published papers on PM pollution in northern China [51, 52] . Annual and seasonal average concentrations of PM had been used to investigate the effects of landscape pattern in another study [40] , but the differences among seasons were quite significant. The multivariate statistical analysis method RDA helped in studying the effects of greenspace patterns on the PM pollution in much greater detail during the entire year, and the results should lead to better urban planning policies.
Based on our results, the landscape metrics (PLAND, LPI, ED and AREA_MN) showed significant effects on the first two RDA axes. The PLAND of greenspace reduced the PM2.5 concentration in summer at scale 2 km × 2 km, and reduced the PM10 concentration in spring, summer and autumn at scale 4 km × 4 km; the LPI and ED of greenspace reduced the PM2.5 concentration except summer at scale 2 km × 2 km, and reduced PM2.5 concentration in summer and winter at scale 3 km × 3 km, and the ED also reduced PM10 concentration in scale 2 km × 2 km and PM10WI at scale 
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Scale-Dependent Effects of Greenspace Pattern on PM Pollution
PM 2.5/10 concentrations were significantly different among the four seasons in this study, and this finding was consistent with that in published papers on PM pollution in northern China [51, 52] . Annual and seasonal average concentrations of PM had been used to investigate the effects of landscape pattern in another study [40] , but the differences among seasons were quite significant. The multivariate statistical analysis method RDA helped in studying the effects of greenspace patterns on the PM pollution in much greater detail during the entire year, and the results should lead to better urban planning policies.
Based on our results, the landscape metrics (PLAND, LPI, ED and AREA_MN) showed significant effects on the first two RDA axes. The PLAND of greenspace reduced the PM 2.5 concentration in summer at scale 2 km × 2 km, and reduced the PM 10 concentration in spring, summer and autumn at scale 4 km × 4 km; the LPI and ED of greenspace reduced the PM 2.5 concentration except summer at scale 2 km × 2 km, and reduced PM 2.5 concentration in summer and winter at scale 3 km × 3 km, and the ED also reduced PM 10 concentration in scale 2 km × 2 km and PM 10 WI at scale 4 km × 4 km; the AREA_MN reduced PM 10 concentration except winter at scale 1 km × 1 km. However, the four metrics increased the PM concentrations during certain seasons at several scales.
Previous studies suggested that greenspace reduced PM 2.5 concentration as a sink landscape [53] , and outdoor PM 2.5 concentrations can be reduced by dry and wet deposition on leaves; it was revealed that vegetation had the strong impact on PM 2.5 mitigation [40] , and a combination of trees and other solid barriers, such as building and parked cars, could reduce local air pollution [26] , so higher PLAND of greenspace reduced more PM pollution. Higher LPI and ED may increase the interactions between greenspace and other elements in urban areas to mitigate PM pollution more efficiently, because LPI increased the energy gradient between greenspace and other elements and their interaction, and as an indicator of the complexity of the green space edges, ED reflects the degree of interactions between greenspace and other elements [40] . On the other hand, during some seasons in Zhengzhou, such as winter and early spring, there were no plants covering the soil surface, and the strong wind may lead to more dust particles in the air. During dry seasons such as autumn, increasing interaction between greenspace and other elements in urban areas by higher ED and LPI would lead to faster near-ground wind speed and increases in air humidity, and the strong wind may lead to higher PM concentration under higher humidity [54, 55] . In addition, the aerodynamic effects of greenspace are stronger than the positive effects of deposition [28, 29] , and more trees in a street canyon may lead to a reduction of ventilation and an average increase of air pollution [28] , and it was reported that high-level vegetation canopies (trees) led to a deterioration in air quality, while low-level green infrastructure (hedges) improved air-quality conditions [27] . The relationship between spatial patterns and PM concentration varied in different seasons and scales, and the landscape metrics of greenspace influenced PM concentration in both positive and negative manners, thus, the usefulness of greenspace in reducing PM concentration hinges on the balance between these pros and cons. To reduce the PM 2.5 pollution, both scales and greenspace patterns should be considered during the urban planning and design process, and the percentage of greenspace should be increased at 2 km × 2 km and 3 km × 3 km scales. Increasing the area difference and edge complexity of greenspace patches at 2 km × 2 km and 3 km × 3 km scales should be an effective approach. To reduce PM 10 , we should increase the percentage of greenspace at the 4 km × 4 km scale, the edge densities at the 2 km × 2 km and 4 km × 4 km scales, and the average area of greenspace patches at the 1 km × 1 km scale. In addition, during winter and early spring, mitigation measures are still needed to keep dust particles contained within the greenspace; for example, landscape mulch, plant groundcovers and evergreen shrubs should be considered.
Scale-Dependent Variation Partitioning
Air PM pollution could be caused by many factors. It is well known that greenspace or vegetation reduces the PM pollution by increasing the deposition of PM, but there were no reports to identify the exact extent of greenspace patterns in explaining the variances of PM concentration. This study has improved the understanding of the scale-dependent correlation between PM pollution and greenspace patterns. Based on the results of our variation partitioning analysis, variance of PM 2.5 and PM 10 concentration explained by greenspace spatial patterns varied at different scales. Hence, the scale should be an important factor in determining the relationship between spatial pattern and ecological process. Most scales used in this study explained little variance according to the Monte Carlo permutation test, except scale 3 km × 3 km for PM 2.5 , and scale 4 km × 4 km for PM 10 . From scales 1 km × 1 km to 6 km × 6 km, the proportion of variance explained by greenspace spatial patterns showed a decrease-increase-decrease-increase trend for PM 2.5 , and a decrease-increase-decline trend for PM 10 . These trends had hierarchy characteristics, and this might be because of the spatial distribution of the greenspace of urban settings. The scales 3 km × 3 km and 4 km × 4 km were the most important scales for greenspace planning to reduce PM 2.5 and PM 10 pollution, respectively.
At small scales, the composition of greenspace was more useful to reduce PM, and the configuration of greenspaces may play a more significant role at larger scales.
Limitation
There were several limitations in this study, although it improves understanding of the correlation between PM pollution and spatial patterns of greenspace in urban areas. In this study, only nine sample plots were used to monitor the concentration of particle matter. In future studies, more sample plots should be used. In addition, PM concentration data should be collected in multiple points within each scale to reduce sampling error. In future studies, it will be important to investigate whether the distribution of urban greenspaces has hierarchy characteristics since this may better explain the relationship between PM pollution and greenspace patterns; and it is also important to study how wind speed and direction affect the relationship between PM pollution and greenspace patterns.
Conclusions
PM pollution has become a serious environmental problem in many rapidly developing countries. It is critical to identify effective measures to reduce PM pollution for the benefit of human health and the environment. A number of reports indicated that vegetation or urban greenspace could reduce PM pollution, but the relationship between PM pollution and the greenspace pattern was not as straightforward as anticipated. In this study, we used Zhengzhou, one of the most polluted cities in China, as an example, to quantitatively investigate the effects of the urban greenspace pattern on PM concentration using canonical redundancy and variation partitioning analysis.
We found: the PM 2.5 and PM 10 among four seasons showed significant differences (p < 0.05); during winter, PM 2.5 and PM 10 were both highest, and the PM 2.5 and PM 10 of summer were lowest; the PM 2.5 of autumn was higher than spring while PM 10 of autumn was lower than spring.
According to the results from this study, we should take the scale and greenspace patterns into consideration during the urban planning and design process. If the planning area is as large as 2 km × 2 km and 3 km × 3 km, we should plan a bigger continuous greenspace and design the boundary of greenspace as irregularly as possible in order to effectively reduce the PM 2.5 pollution. To reduce PM 10 , we should increase the percentage of greenspace if the planning area is approximately as large as 4 km × 4 km, and it is better to design the boundaries of greenspace as irregularly as possible at the scales of 2 km × 2 km and 4 km × 4 km, and increase the mean area of greenspace at the scale of 1 km × 1 km.
Little variance was explained by most of the scales according to the Monte Carlo permutation test, except scale 3 km × 3 km for PM 2.5 and scale 4 km × 4 km for PM 10 . From scale 1 km × 1 km to 6 km × 6 km, the proportion explained by greenspace showed a decline-increase-decline-increase trend for PM 2.5 , and a decline-increase-decline trend for PM 10 . At small scales, the composition of greenspace was more useful to reduce the particle matter pollution, and the configuration of greenspace played a more important role at larger scales.
In summary, the results in our case study should lead to specific guidelines for more cost-effective and environmentally-sound greenspace planning. 
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